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SUMMARY 
 
In this study, we have considered the design of optimised thermal processes for the 
preparation of cooked hamburger patties. For this purpose, advanced dynamic 
optimisation (optimal control) techniques have been used. These techniques make use 
of predictive mathematical models of heat and mass transfer, previously validated with 
experimental studies. The generic optimal control problem considered was formulated 
as the determination of the optimal cooking conditions to obtain the highest quality 
product with an ensured final level of safety in a minimum time. The obtained optimal 
policies (dynamic heating temperatures) show significant advantages over nominal 
constant temperature processes. These optimisation studies provide new information to 
design the next generation of grills with dynamic controls to improve the product 
quality and safety 
 
KEYWORDS: optimal control, process optimisation, contact-cooking, thermal processing, meat 
patties 
 
 
                                                     
*
 Corresponding author; e-mail: julio@iim.csic.es, ph:+34-986-214473, fax: +34-986-292762 
 2 
INTRODUCTION 
 
In the food industry, most processes are operated in batch or semi-continuous mode, so 
they have an intrinsic dynamic character. In order to calculate the best operating 
policies, efficient and reliable dynamic optimisation (optimal control) techniques must 
be used. For example, thermal processing of prepackaged foods, one of the most 
important preservation techniques, is often carried out in batch retorts. The 
determination of the optimal retort temperature profile has received considerable 
attention
1,2
. 
 
In contrast, and despite its great economic importance, the use of dynamic optimisation 
of cooking still remains in its infancy. A remarkable case involving cooking is that of 
hamburgers, the fastest growing food items consumed in the United States. According 
to Balzer
3
, in a 2 week period in 1996, Americans consumed 6 million more 
hamburgers than the same 2 week period in 1995. U.S. companies benefit from the 
worldwide popularity of hamburgers, e.g. McDonald‟s has restaurants in over 100 
countries serving several million hamburgers per day. In recent years, the cooking 
process of hamburger patties has been brought to question due to several outbreaks of 
food poisoning
4-8
. In the research presented here, hamburguer patties were taken as a 
case study, useful in developing applications for industrial manufacturing of a wide 
variety of foods that are non-homogeneous in nature, e.g. sausages, meat balls, and deli 
meat. In the following, the current state of art on cooking of hamburger patties is 
described as an illustration of non-homogenous foods. 
 
The primary method of destroying pathogens, such as E. coli O157:H7, in hamburger 
patties is to cook them to a proper internal temperature. USDA-FSIS
9
 and FDA
10
 
recommend that hamburger patties be cooked to an internal temperature of 68.3°C, with 
a holding time of 16 s and 15 s, respectively. Implementation of these standards has 
been difficult, due to the complexity of measuring the internal temperature in patties and 
the nonhomogenous composition of hamburger meat. As a result, hamburger patties 
often are either overcooked, leading to deterioration in textural quality, or undercooked, 
which presents a potential safety problem. 
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A fundamental understanding of the hamburger cooking process and the application of 
adequate dynamic optimisation techniques can lead to improved specifications and new 
developments in the design of equipment and sensors that ensure improved safety and 
quality of cooked patties. To optimise the cooking conditions for achieving improved 
product quality, predictive models of heat and mass transfer are necessary. The results 
of predictive heat transfer models can help address food safety issues associated with 
the survival of pathogens, such as E. coli O157:H7, in undercooked patties
11,12
. Recent 
outbreaks of E. coli O157:H7 in undercooked hamburger meat (1993 outbreak in U.S., 
1996 outbreak in Japan, and another 1996 outbreak in Scotland) emphasise the 
significance of this study. Also, the use of predictive mathematical modelling can 
provide valuable insight to the sensitivity of various process conditions. 
 
The overall goal of this research is to design optimized thermal processes for the 
preparation of cooked hamburger patties using advanced dynamic optimization 
techniques. These techniques will make use of predictive mathematical models of heat 
transfer, validated with experimental studies, in order to evaluate by simulation the 
performance index (i.e, product quality) and constraints. The generic optimal control 
problem will be formulated as the determination of the optimal cooking conditions to 
obtain the highest quality product with an ensured level of safety in a minimum time.  
 
 
RESEARCH OBJECTIVES 
 
The main objective of this work was to develop, using model-based optimization 
techniques, improved cooking processes for hamburger patties that assure a safe product 
with desirable levels of textural quality and yield. The predictive mathematical model 
used is detailed in Pan et al
13
. This model describes heat transfer in hamburger patties 
involving dimensional changes, E. coli O157:H7 destruction, and textural modifications 
during cooking.  
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The optimal cooking operating policies will be computed using dynamic optimization 
techniques. Due to the highly nonlinear and discontinuous nature of the model, standard 
gradient-based optimization techniques could not be used, since they failed to converge 
or converged to local solutions. Thus, and as a second objective of this research, more 
robust dynamic optimization algorithms, based on stochastic and hybrid (stochastic-
deterministic) methods, were developed and implemented. 
 
STATEMENT OF THE OPTIMAL CONTROL PROBLEM 
 
Here we consider the problem of designing the heating policy of a contact-cooking 
process in order to obtain maximum patty yield while ensuring the mandatory level of 
microbiological destruction and final temperature at the coldest point. This can be 
formulated as an optimization (more precisely, dynamic optimization, or optimal 
control) problem where our objective is to find the heating temperature profile which 
gives optimal yield while satisfying the microbial and temperature constraints. The 
mathematical statement is: 
 
Find the optimal control (heating surface temperature) )(tTheating  over t  [0, tf]  
to maximize the performance index (final patty yield, %): 
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where Eqn. (1) is the final patty yield, computed from the average final and initial water 
and fat contents. Variables wm  and fm  are the final averaged contents of water and fat 
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based on non-fat solids, and are expressed in kg/kg, while 0wm  and 0fm  are the values 
of these variables at initial time. The inequality constraint (2) forces the final 
temperature at the coldest point, Tc(tf), to be greater than a required minimum 
temperature, Trc. Note that the coldest point is usually taken as the geometric center. 
Inequality constraint (3) requires the final microbial destruction N* (tf) to be greater 
than a required minimum value N
**
 (N* represents the log cycles of microbial 
destruction, N* (t) = log(N0/N”(t)), where N0 is the initial average microbial population 
in the patty, and N”(t) is the average population at time t, both in CFU/g). The 
inequality constraints (4) are the upper and lower bounds for the control variable 
(heating temperature). 
 
There is an additional set of equality constraints which is the process model itself, i.e. 
the partial differential, ordinary differential and algebraic equations which model the 
dynamics of the system. The model used here is the one presented in Pan et al
13
, which 
describes heat and mass transfer in hamburger patties involving dimensional changes, E. 
coli O157:H7 destruction, and textural modifications during cooking. This model 
considers all the important factors affecting heat transfer in both frozen and unfrozen 
patties, namely changes in the thermal properties, cooking losses, ice and fat melting, 
water evaporation and moving crust. Also, the time-dependent heating surface (grill) 
temperature and the overall contact heat transfer coefficient between the grill and patty 
surfaces are handled by appropriate boundary conditions. 
 
The heat transfer process is modeled as one-dimensional (assumption of semi-infinite 
slab due to the large ratio of diameter to thickness), and it is solved via the enthalpy 
method
11
 by considering for the effect of mass transfer on enthalpy. The destruction of 
E. coli O157:H7 at each point inside the domain is modeled by first order kinetics
4,12
, 
and the average final population is computed using suitable integration procedures. 
Further details and the complete mathematical statement of the model can be found in 
Pan
14
 and Pan et al
13
. 
 
 6 
It should be noted that other alternative performance indexes (e.g. related with sensorial 
or nutritional quality) could be easily considered by changing equation (1) and 
introducing the differential equations reflecting the dynamics (kinetics) of those 
properties as additional equality constraints. Moreover, several objectives could be 
considered simultaneously by introducing a multi-objective performance index, e.g. a 
weighted linear combination where the weights reflect the relative importance given to 
each objective. Here, we will only present results, without loss of generality, to the case 
of patty yield maximization. 
 
SOLUTION OF THE OPTIMAL CONTROL PROBLEM 
 
The optimization problem stated above is a dynamic optimization problem (the term 
„dynamic‟ comes from the differential equations of the process model acting as equality 
constraints). Dynamic optimization problems are also called optimal control problems 
or, to be more precise, open loop optimal control problems, since only the initial state of 
the system is considered to compute the optimal control and no feedback of the states is 
used during the process. The general optimal control problem (OCP) can be stated as 
finding the control vector u{t} and final time tf over t  [t0, tf] to minimize (or 
maximize) a performance index J[x, u] (where x is the vector of state variables) subject 
to a set of differential-algebraic equality constraints, algebraic inequality constraints and 
upper and lower bounds for control and state variables. If the process is modeled as a 
distributed system (which is in fact our case here), the governing partial differential 
equations are introduced as an additional set of equality constraints. 
 
The dynamic optimization of batch processes is a challenging engineering problem. In 
the case of food processing, and more specifically in the case of cooking, these 
problems are especially difficult to solve because of the nonlinear and distributed nature 
of the system dynamics and the existence of constraints on both the control and state 
variables. Further, the global optimum might be difficult to achieve due to the 
insensitivity of the performance index to the control profiles. A number of different 
techniques have been suggested to solve optimal control problems. These methods can 
be classified under two main categories: indirect and direct methods. Indirect methods
15 
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are based on the solution of the necessary conditions (maximum principle of 
Pontryagin). However, this approach is very difficult in most cases, especially when 
constraints on the state variables are present. Direct methods transform the original OCP 
into a nonlinear programming (NLP) problem using complete parameterization
16
 or 
control parameterization
17,18
. However, many complete and control parameterization 
strategies rely on deterministic local optimization methods to solve the NLP, so 
convergence difficulties may appear due to the highly nonlinear and/or discontinuous 
nature of these systems.  
 
Here we have considered the control vector parameterization (CVP) framework, where 
the original infinite dimensional optimization problem is transformed into an NLP using 
a suitable control parameterization scheme, typically using N control elements of 
variable size. The process model (set of partial differential, ordinary differential and 
algebraic equations acting as equality constraints) is solved for each evaluation of the 
objective function. The resulting NLP, as it has been mentioned, is frequently non-
convex, so standard gradient-based optimization methods might not converge or 
converge to local solutions. Therefore, methods with global convergence properties 
should be used. Several deterministic and non-deterministic approaches for global 
optimization have been proposed
19,20
. 
 
Stochastic methods can be a good alternative to surmount the above mentioned 
difficulties, as they are usually able to escape from local solutions, locating the vicinity 
of the global optimum with reasonable computation effort. The ICRS/DS method is an 
example of adaptive stochastic algorithm which has been successfully used for the 
solution of several challenging dynamic optimization problems in food processing and 
biotechnology
21-24
 and in chemical engineering
20
. 
 
Genetic algorithms (GAs) are another class of stochastic methods which have become 
very popular in recent years, with some applications reported in optimal control
25
. 
Differential Evolution
26
 (DE) is a recent and promising global optimization method 
partially based on the GA paradigm. Although DE was originally developed for 
standard (static) optimization, extensions of DE for dynamic optimization have proved 
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to be quite efficient as well
27,28
. In fact, Balsa-Canto et al
28
 compared different 
stochastic and deterministic strategies, finding that DE performed better than other 
selected GA-based techniques, and concluding that ICRS/DS and DE were the most 
efficient and reliable stochastic methods. Therefore, these will be the techniques used in 
this study. 
 
CASE STUDY 
 
The cooking of hamburger patties in a double-side clamshell grill is considered. The 
model parameters used in this study were taken from Pan
14
: 
 
Total thickness    L = 10 mm 
Initial patty composition (wb) Fat: Yf = 24 %  
Water: Yw = 60 % 
Non-fat solids: 16 % 
Food initial temperature   T0 = -22 °C 
Mass transfer coefficients Water holding capacity coefficient we = 0.0132 °C
-1
 
    Fat holding capacity coefficient fe = 0.0159 °C
-1
 
    Water transfer coefficient Kw = 0.015 s
-1 
    Fat transfer coefficient Kf = 0.017 s
-1 
Heat transfer coefficient  h = 1200 W/m
2  
ºC 
 
Data tables for other thermophysical properties (enthalpy and thermal conductivity for 
different temperatures and fat contents) are given in Pan
14
. 
 
The kinetic parameters for destruction of E. coli O157:H7 were taken as: 
Dr  = 5560 s 
Tr  = 50 °C 
z = 4.35 °C 
N0 = 10
6
 CFU/g 
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The required values for the final temperature and microbiological destruction 
constraints were: 
Trc = 68.5 °C 
N
**
 = 7.0  
 
It should be noted that the above requirement for the final centre temperature is set at 
final time t = tf, which is in fact the end of the heating process. However, because this 
temperature is quite high, the rate of microbial destruction at tf will be finite, thus 
microbial destruction will continue during the subsequent cooling of the product 
(holding time), so the final N
*
 in the cold product will be larger than that at tf . This can 
be regarded as an additional safety factor, so as to robustly cope with possible different 
cooling conditions. 
 
RESULTS AND DISCUSSION 
 
In order to establish a reference (or nominal) process to be used for comparisons, we 
first computed the best (optimal) constant temperature process. This is a simple 
optimisation problem involving only one decision variable. Considering a total process 
time of 2 min (tf = 120 s), the optimum corresponded to a heating temperature T(t) = 
constant = 136.2 °C, with an associated performance index (yield) J = 75.13 %. This 
will be used as a reference value to evaluate optimal controls obtained using different 
control parameterisations. This best constant temperature process is shown in Figure 1, 
together with the surface and centre temperatures of the patty. The corresponding curves 
for microbial destruction and yield are shown in Figures 2 and 3. 
 
Once the reference process was established, the problem of finding optimal (time-
dependent) heating policies was investigated. Initially, the bounds on the control 
(heating temperature) were taken as 120  T(t)  200 °C. Two types of control 
parameterisation were considered, piecewise constant (steps) and piecewise linear 
(ramps), both using N elements of variable size in order to ensure greater flexibility. A 
set of optimal control problems was solved considering increasing discretisation levels 
using the ICRS/DS and DE methods.  
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Theoretically, as N increases, the performance index keeps increasing, approaching the 
best (truly optimal) performance index J of the original infinite dimensional problem. 
However, due to practical considerations, one should choose the process that ensures a 
near-optimal J (defined by an admissible tolerance) with a minimum of control 
elements, as this control profile would be easier to implement in a real process. 
Considering our particular problem, the results are shown in Table 1.  
 
Clearly, the use of steps is preferable. Besides, for N > 5, no significant improvements 
on J are achieved, so it can be concluded that the solution for 5 steps, although sub-
optimal strictly speaking, can be regarded as optimal for all practical purposes (with the 
additional advantage of ease of implementation). It should be noted that the 
performance index associated with this optimal control is only marginally better (J = 
2.1 %) than the best constant temperature process. The different optimal controls 
obtained using steps as control elements are shown in Figure 4, where it can be seen that 
the control profiles for N=4 and 5 are almost identical, with only very slight differences. 
These optimal controls are of the bang-bang type, i.e. there are sudden changes in the 
control from the lower to the upper bound around time t = 82 s, and from the upper back 
to the lower bound around t = 100.8 s .  
 
Once the best type and number of control elements was studied, the effect of the lower 
bound of the control on the final performance index was also investigated, because 
preliminary computations showed promising results in this direction. Therefore, a set of 
optimal control problems with different lower bounds was solved, and the results are 
summarised in Figure 5. It is clear that relaxing this bound improves significantly the 
final patty yield, achieving J = 79.33 for a lower bound of 30 °C, which is a 5.6 % 
increase of yield with respect to the best constant temperature process. The 
corresponding optimal control is shown in Figure 6, together with the patty surface and 
center temperatures. The corresponding plots for microbial destruction and yield are 
presented in Figures 7 and 8. Once again, there are bang-bang changes in the control. 
There is an initial heating period with the control at its upper bound until t = 24 s, 
followed by a period with the control at a temperature around 50 °C until 65 s, when a 
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second maximum temperature period starts. This second period ends by t = 103 s, with 
the control returning to its lower bound. 
 
These bang-bang control profiles might not be easy to implement in practice using a 
standard grill because of its thermal inertia, especially considering the relatively small 
heating times. But those profiles could be implemented using a new design, e.g. a new 
grill with different heating areas, moving the patty from one to another as needed. In 
any case, the purpose of this paper was not to consider particular implementation 
details, but to find out what are the optimal operating policies for this process. This 
information can then be used to design new units if needed. However, considering a 
particular existing real unit can be easily done introducing appropriate constraints (e.g. 
on the heating and cooling rates) to take into account its thermal characteristics.  
 
Regarding the dynamic optimisation methods used, both ICRS/DS and DE solved 
successfully all the optimal control problems, arriving at very similar results, thus 
reinforcing the confidence of global optimality. The computation times of both methods 
were comparable (in the range of 10-15 minutes using a PC Pentium II), although those 
of DE were usually somewhat larger (up to 30 %). This is in agreement with the 
observations of Balsa-Canto et al (1998), although the difference in computational effort 
reported by these authors was more favourable to ICRS/DS. 
 
In order to illustrate the convergence path followed by these methods, the error curves 
(relative distance, %, from the final best solution versus number of evaluations of the 
performance index) for 3 different runs of each method are shown in Figure 9 (log scale 
is used in both axes). The paths of DE start after some evaluations because this method, 
as other GA-based techniques, must compute an initial population before starting. 
Although there is a certain scattering typical of stochastic methods (the path ultimately 
depends on a stochastic variable), it is clear that all the trajectories are inside a quite 
narrow envelope, with no significant differences of convergence rates between DE and 
ICRS/DS. Also, it can be seen how these methods can arrive at solutions within 1% of 
the global optimum in about 300-400 evaluations, which is very reasonable, especially 
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since the methods themselves do not add relevant computational overhead, which is not 
the case of other (e.g. deterministic) approaches. 
 
CONCLUSIONS AND FUTURE WORK 
 
Optimal operating policies for contact cooking processes have been obtained by 
formulating and solving a suitable optimal control problem, making use of validated 
predictive models. The dynamic optimisation solvers used were based on robust 
stochastic methods. The obtained optimal policies (dynamic heating temperatures) show 
significant advantages over nominal constant temperature processes. For the particular 
case study considered, it has been shown how the final patty yield can be improved up 
to 6% with respect to the best nominal process, while satisfying the final temperature 
and microbial reduction constraints. Variants of this problem considering other 
objective functions (e.g., energy consumption, controllability requirements, etc.) and 
constraints will also be studied in the near future. In addition, on-going work is 
considering the experimental implementation of the optimal operating policies. 
 
These optimisation studies provide new information to design the next generation of 
grills with dynamic controls to improve the product quality and safety. This information 
will be useful for food and equipment manufacturers, operators of restaurants and fast-
food establishments, consumers, and regulatory agencies for future product 
development and quality control. Although the focus of this research was on hamburger 
patties, the information gained is expected to have wide applications in manufacturing 
prepared foods, a rapidly expanding sector of the U.S. and  european food industry.  
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TABLES 
 
 
 
 
Type of 
elements 
N J J 
(%) 
ramps 2 75.70 0.7 
steps 2 76.06 1.2 
ramps 4 76.40 1.7 
steps 4 76.73 2.1 
ramps 5 76.54 1.9 
steps 5 76.73 2.1 
 
 
 
Table 1.- Performance index (J) values obtained for different type (ramps, steps) and 
number (N) of elements of the control parameterisation (tf = 120 s). J is the 
relative (%) increase with respect to the best constant temperature process, 
which has J = 75.13 . 
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Figure 6 ( N* (t) = log(N0/N”(t) ). The final N
*
 is 9.3 . 
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